Attention-Deficit/Hyperactivity Disorder (ADHD) is a common neurodevelopmental disorder. ADHD co-morbidities cover a broad range of traits, including aggressive behavior (AGG) and antisocial behavior (ASB). Genetics has a high percentage on the heritability of the three traits, mainly attributed to large numbers of common variants (SNPs)
Introduction
Attention-deficit/hyperactivity disorder (ADHD) is a common neurodevelopmental disorder with a world-wide prevalence of 5% in children and 2.5% in adults [Polanczyk, G., de Lima, M.S.,et al, 2007] , [Simon, V., Czobor, P., et al., 2009] . ADHD covers a broad spectrum of heterogeneous symptoms and impairments which can be present throughout the lifespan [Biederman, J. et al, 2000] , [Faraone, S.V., et al 2006] . According to the DSM-5, three main presentations of ADHD can occur: predominantly inattentive, predominantly hyperactiveimpulsive or a combined subype [American Psychiatric Association. 2013.] . Twin and family studies revealed that ADHD is highly heritable, with heritability estimates ranging between 70-80% [Franke, B. et al., 2012] , [Asherson, P. & Gurling, H., 2012] [Larsson, H. et al 2014] .
Genetic studies in ADHD mainly focused on common genetic variants (> 1% in the general population) and most common genetic variants showed small effect sizes [Faraone, S.V. et al., 2015] . Recently, the largest ADHD genome-wide association study (GWAS) obtained heritability estimates from single nucleotide polymorphisms (SNPs) and this so-called SNPbased heritability was estimated to be 22% [Demontis D. et al., 2019] . Patients with ADHD also often suffer from co-occurring psychiatric disorders, such as autism spectrum disorder (ASD), schizophrenia, depression, substance use disorders and anxiety disorders [Biederman, J., et al, 1991] , [Cross-Disorder Group PGC, Lancet 2013] , [Faraone, S.V. et al., 2015] . However, presence of co-morbid disorders largely varies between patients.
Aggressive behavior (AGG) is defined as the intended act (physical, verbal or psychological), of causing harm to others or to oneself [Liu, J., 2004] , [Ukukuro, S. et al., 2013] . Different types of AGG (i.e. different intentions) have been described in different categories, of which the most common the bimodal category is, with its reactive (lead by impulsivity) and proactive (deliberated and planed) subtypes [Crick & Dodge, 1996] . AGG can also being considered as a natural behavior, with defensive or offensive subtypes [Weinshenker & Siegel, 2002] .
Depending on the severity (measured by means of questionnaires and structured [diagnostic] interviews), it can be used as a behavioral criterion for other disorders, like intermittent explosive disorder [American Psychiatric Association. 2013] or conduct disorder [American Psychiatric Association. 2013] . ASB refers to actions and attitudes that affects others and violates societal norms. [Lahey & Waldman, 2003] , [Burt & Neiderhiser,2009 ]. Similar to AGG, ASB are only a set of acts, only when the behavior becomes persistent, it is diagnosed as Antisocial Personality Disorder [American Psychiatric Association. 2013.] . ASB includes behaviors with an aggressive connotation, like bullying or mugging, but also includes nonaggressive ones like stealing, truancy, and lying [Lahey & Waldman, 2003 ] (i.e. AGG is a form of ASB, but not all ASB is AGG).
However, this does not mean that AGG and ASB are completely the same. Aggressiveness in ASB could involve similar, but also different behavioral patterns, etiologic mechanisms and genetics. [Burt & Neiderhiser,2009] , [Davis, M. H., 2018] . Both AGG and ASB are moderately to highly heritable, with heritability estimates for AGG ranging between ~50-70% [Miles & Carey, 1997] , [Hudziak et al., 2003] and between ~50-60% for ASB [Rhee & Waldman, 2002] [Ferguson, 2010] . Only a few GWASs for AGG and ASB are currently available, all with limited sample sizes. A GWAS on AGG in children did not identify any genome-wide significant hits, but reported SNP-based heritability estimates between 10-54% [Pappa et al., 2016] . One GWAS on ASB in general population, which included the aggressive subtype, reported a SNPbased heritability of only 5% [Tielbeek, et al 2017] .
As we mentioned above, AGG and ASB are usually included as behavioral criterion for other behavioral, psychiatric and neurodevelopmental traits, including ASD [Mandy W. et al., 2013] , bipolar disorder [Látalová K., 2009] , oppositional defiant disorder [American Psychiatric Association. 2013] , substance use disorders [Séguin, J.R & Tremblay, R.E., 2013] , and ADHD. [Biederman, J., Newcorn, J., Sprich S., 1991] , [Barkley R.A. et al., 2004] [Ralf, K.H. et al., 2015] .
So far, mainly family and twin studies investigated the genetic mechanisms of AGG and ASB within the ADHD spectrum. Results of such studies showed that ADHD with AGG or ASB could be a different categorical type of ADHD due to the different development, persistence and riskiness seen in the patients. Differences can be even more specific, given the differences between AGG and non-AGG ASB subtypes, showing AGG to have greater relationship possible due to impulsiveness, with reactive aggression as the most present one. [Doyle & Faraone, 2002] , [Christiansen et al., 2008] [Retz & Roster, 2009] . Results of common genetic variant studies hint towards similar observations and point out that this relationship can be caused by a greater load of genetic factors [Hamshere et al., 2013] . Therefore, ADHD is not inevitably associated with AGG or ASB, but patients with co-occurring symptoms, overall have a higher persistence rate and risk, possibly driven by the complex combination of genetic factors.
Neurodevelopmental disorders and psychiatric traits are commonly known to have a complex etiology, with both genetic and environmental factors involved. Previous studies showed that clinical disorders and related behavioral symptoms can largely overlap in terms of their underlying genetics [Demontis D. et al., 2019] . However, these global approaches to assess the genetic correlations between two traits could over-generalize the relationship between traits and thereby lack specificity in terms of the actual causal genes.
In this study, with the use of GWAS summary statistics data, we do not only assess the genome-wide genetic correlations between ADHD, AGG and ASB, but also aimed to localize the genetic effects. By defining the contribution of shared loci between to traits/disorders, these loci could give us specific insights into the genetic complexity underlying ADHD, AGG and ASB. Finally, we explored gene expression patterns in relevant tissues and prioritized candidate genes for future studies.
Methods

GWAS summary statistics
GWAS summary statistics (GWAS-ss) data were obtained from publicly available independent meta-analysis studies. Data files were formatted according to the requirements for the analysis method. All data had to meet general criteria to be included in the analyses. Participants must be of European ancestry. Variants had to be annotated in human genome assembly hg19, had an identifier column, supplied at least the effect allele with their respective signed summary statistic (beta, OR, Z-score, etc), provided with p-values. We only considered data of autosomal chromosomes. Because of its unusual LD structure, we removed the Major Histocompatibility Complex (MHC) region from analysis, as defined by the Genome Reference Consortium (GRC) for human genome assembly hg19 to be in chromosome 6 from 28,477,797bp to 33,448,354bp. More details on the quality control (QC) steps, conditions, criteria, software or pipelines used by the individual studies, can be found in their original papers (Demontis et al., 2019; Pappa et al., 2016; Tielbeek et al., 2017; Okbay et al., 2016; Sun Gou et al., 2017) . A short summary with the main characteristics of each of these studies can be found below.
ADHD
The ADHD GWAS-ss file was obtained from the study published by Demontis et al. in -and-downloads) . Cases were diagnosed through tests, interviews and reports by psychiatrists (different criteria between cohorts). DNA was extracted of blood samples and genotyped. The QC processing was already done by the meta-analysis study for each of the cohort's datasets. Details on imputation of the dataset can be found in the original article (Demontis et al. 2019) . Individual cohorts were meta-analyzed with an inverse-weighted fixed effects model. Finally, markers with an effective sample size > 70%, an imputation quality (INFO score) > 0.8 and a minor allele frequency (MAF) > 0.01 were kept for subsequent analyses.
Aggressive behavior
The aggressive behavior (AGG) GWAS-ss data was provided from the study by Pappa et al. in 2016, performed in the framework of the Early Genetics and Lifecourse Epidemiology (EAGLE) consortium (http://www.tweelingenregister.org/EAGLE/). There, they meta-analyzed nine cohorts, with a total of 18,988 participants and all of them were unrelated children between the age of 3 to 15 years. Aggressive behavior was measured on a continuous scale and assessed through well-validated questionnaires (correlated and interchangeable) and filled in by the children's parents. DNA was extracted from whole blood or buccal cells and genotyped.
Details on imputation of the dataset can be found in the original article (Pappa et al. 2016 ).
Data of individual cohorts were meta-analyzed using a sample size-weighted z-score method and only variants with MAF > 0.05 and INFO score > 0.4 were kept for further analyses.
Antisocial behavior
The GWAS-ss, for antisocial behavior (ASB) was obtained from the study by Tielbeek et al. in 2017 through the Broad Antisocial Behavior Consortium (http://broadabc.ctglab.nl/summary_statistics). The meta-analysis consisted of five discovery cohorts, giving a total of 16,400 individuals (mean age 6.7 -43.8). A continuous scale for ASB was used and each one of the cohorts applied different antisocial measures (based also on age), including aggressive and nonaggressive domains of ASB (for detailed overview see Tielbeek et al 2017) . Details on imputation of the data set can be found in the original article (Tielbeek et al 2017) . Individual cohorts were meta-analyzed using a sample size-weighted zscore fixed effect model and only variants with a total sample size > 10,000, MAF > 0.01 and INFO score > 0.6 were kept for further analyses.
Additional GWAS summary statistics
The two additional GWAS-ss included in this study, had to meet the same general requirements as stated above, were downloaded and formatted for subsequent analysis. The 
GWAS-ss for
SNP heritability (SNP h 2 ) estimates
For all traits of interest, we assessed the contribution that SNPs have on the phenotypic variance. We estimated the SNP-based heritability using the LD score regression method, performed by the command line tool LDSCore (LDSC) version 1.0.0 (Bulik-Sullivan et al 2015, a). This method was originally introduced with the aim of estimating the proportion of inflation in a GWAS dataset due to the actual polygenic signal and not from confounding factors, such as population stratification or cryptic relatedness. LDSC takes into account the properties of variants in linkage disequilibrium (LD) with causal variants, by performing χ 2 association statistic regression against these and evaluating the intercept. Of the most interest for this study in the regression is the slope, which can be interpreted as an estimator of heritability.
In order to use LDSC, GWAS-ss input had to meet the following minimum formatting (Polanczyk, G. et al. 2007 ) and 36% sample prevalence for ADHD, while for PSC a reported 0.01% population prevalence (Boonstra, K et al, 2012) and 19.4% sample prevalence.
Genome wide genetic correlations (rg)
LDSC expanded their method introducing the cross-trait LD regression technique, which estimates the genetic correlation between traits . Based on the same assumption as in the SNP h2 section above, variants with highest LD scores are more likely to be in LD with the causal variants, giving higher χ 2 association statistics. The explained χ 2 can also be represented as Z 2 which can be split into the product of two Z-scores, each one of them belonging to one of the two traits. In this case, the regression slope, is now the genetic covariance. Finally, normalizing the covariance (ρg) by the two SNP heritabilities (SNPh1 2 ,SNPh2 2 ), gives the genetic correlation (rg), (Eq. 1).
We performed three principal cross-trait analyses between our traits of interest, ADHD vs AGG, ADHD vs ASB and AGG vs ASB, to estimate the genetic correlation between those traits.
Genome wide genetic correlations with other traits
We uploaded the GWAS-ss of AGG and ASB to LD Hub (version 1.9.0) (Zheng et al, 2017, http://ldsc.broadinstitute.org/ldhub/). LD Hub is a big database of publicly available GWAS-ss and at the same time, a web interface for automate running LDSC SNP h 2 estimates and rg scores between your trait of interest against the ones available on the platform. The available GWAS-ss are publicly available and are shared by different projects and cover diverse categories of traits.
Input format requirements and QC were very much alike as described in the SNP h 2 section since LD Hub also uses LDSC. Now, all analyses were run automatically by the web interface and only a few additional adjustments for the input files were needed: GWAS-ss was required to have a Z-score column and the input file had to be zipped. All traits already present in the database, were equally formatted with a series of requirements listed in the LD Hub web page.
One at a time, our GWAS-ss of interest (AGG and ASB) were uploaded to the web platform.
For the genetic correlation analyses we selected all the 234 traits from 25 categories listed and excluded 597 traits from the UK Biobank. The Bonferroni corrected threshold for significance was set to p < 0.05/234. From all 234 traits from LD Hub, we selected two traits for subsequent analyses: Neuroticism (Neurot) and Primary Sclerosing Cholangitis (PSC). We confirmed LD Hub genetic correlation results by running LDSC manually with combinations between ADHD, AGG and ASB against Neuroticism and PSC.
Local SNP heritability estimates
To assess which genomic regions are contributing most to the genome-wide SNP-based heritability estimates of the traits of interest, we used the software package Heritability Estimation from Summary Statistics (HESS) version 0.5.4-beta (Shi et al, 2016) . Working with GWAS-ss, HESS estimates, for each one of the loci defined in a genome partition file, the variance explained by all the typed SNPs at a single locus while taking into account the LD pattern between the SNPs. While traditional models assessing the global SNP-based heritability assume that all SNPs contribute to the trait (and this model is invalid at most risk loci), HESS uses a more robust approach as it does not assume any distribution for the effect sizes at causal variants.
We run HESS to estimate the local SNP-based heritability for all five traits of interest (ADHD, AGG, ASB, Neurot and PSC). The GWAS-ss had to meet minimum requirements and these were compatible with the previously used LDSC format; only two additional columns were needed: chromosome number and base pair position for the individual SNPs. HESS uses a genome partition file to define the LD-independent loci and this file was generated from a study in 2015 by Berisa and Pickrell, in which they defined a total of 1,703 approximately LDindependent loci with an average length of ~1.6 Mb for the European population (http://bitbucket.org/nygcresearch/ldetect-data); additional information can be found in the original article (Berisa & Pickrell, 2015) . However, for the current study some adjustments to the genome partition file were made: we merged three loci with low number of SNPs with neighboring regions and removed six loci inside or partially inside the MHC, resulting in a total of 1,694 loci. For LD-pattern data, since we did not have the in-sample LD information, we used the 1000 Genomes Project for European population reference panel (1000 Genomes Project Consortium, 2012 ). An automated QC was run by HESS prior to the analyses, by removing SNPs with either duplicate IDs or position. Ideally, analysis is run by not included a pre-calculated SNP-based heritability estimate, however in the case of a GWAS sample size < 50,000 it is recommended to calculate this prior to the analyses. Most of the GWASs used in this study have sample sizes < 50,000, the total SNP-based heritability estimates obtained with LDSC ( Fig. 1) were used for the HESS analyses as well. Regions were considered to be significant with a Bonferroni corrected p-value threshold at p < 0.05/1,694.
Local genetic covariances and correlations
To estimate the local genetic covariance between a pair of traits and an extension to HESS method, known as ρ-HESS, was used (Shi et al 2017) . Similar to HESS, we used the adjusted genome partition file and LD-pattern data, and uploaded a pair of GWAS-ss (with same previous requirements) to perform eight cross-trait analyses between the five traits of interest (ADHD, AGG, ASB, Neurot. and PSC). Local genetic covariance was considered to be significant if p < 0.05/1,694 (Bonferroni corrected). Since the covariance is a value that changes depending on the original scale of the traits, this makes it difficult for comparisons.
Therefore, we calculate the local genetic correlation, the standardized version of the local genetic covariance, for each of the 1,694 loci across all the eight cross-trait analyses. The calculation looked similar to the one described by Bulik-Sullivan, 2015 (Eq. 1); but was adapted by Shi and collegesto obtain the genetic correlation for the i th region (Shi, et al., 2017 
Localizing regions of interest
To reduce the number of loci for subsequent analyses, we only considered loci with a local genetic correlation score between minus one and one [-1,1] , which are the expected values for a correlation analysis. Since Eq. 2 can return values over that range, meaning near zero heritability estimates and high standard errors for correlation scores, we removed those loci in order to reduce noise and false positives.
Next, the eight cross-trait analyses were grouped into three groups: Group 1 included the cross-trait analyses of the three principal traits of this study which are directly genetically Finally, for each one of the three groups, we selected the loci, emerging from the local genetic correlation analyses, that were overlapping between all the cross-trait analyses within each group (Group 1-3).
Gene-based analyses
From the identified overlapping loci, we set out to pinpoint the potentially most contributing genes included within these loci. First, we annotated all genes that were completely or partially located within the previously selected loci in each of the three cross-trait analyses groups by uploading the positions of the loci into the UCSC Genome Browser (https://genome.ucsc.edu) tables tool (Karolchik et al., 2004) . Second, we selected all genes that showed a gene-based association with the traits included in each group. For this, we used the gene-based association analysis implemented in Multi-marker Analysis of GenoMic Annotation software (MAGMA) version 1.05 (de Leeuw, et al., 2015) . Gene-based association analysis in MAGMA includes all genetic markers (SNPs), while considering the LD between them and map them to genes, and then test the association of each genes with a phenotype of interest. MAGMA can also perform gene-based cross-trait meta-analysis, which means combining the Z-scores for each gene from two gene-based analyses (i.e., a pair of traits) (de Leeuw, et al., 2015) . The following files are needed as input for MAGMA are: GWAS-ss, a reference LD data file, which we obtained from the 1000 Genomes Project phase 3 for the European population. For the genebased meta-analysis, the results of the gene-based association analyses are used as input.
First gene-based association analyses for each of the five traits were performed. Then, we run gene meta-analyses for the eight cross-trait pairs described above. Next, we selected all genes with a nominally significant gene-based association p-value for each cross-trait meta-analysis results and kept the overlapping genes between the cross-trait pairs from each group (Group 1-3). Finally, we selected all genes overlapping between the two-step processes mentioned above. We assessed for Bonferroni corrected p-values, using different thresholds specific for each group (p < 0.05/number of genes from group). We considered a gene to be significant if at least one of the cross-trait analyses got a p-value under their respective threshold.
Biological annotation and functional significance of candidate genes
To retrieve more information on functional significance and biological annotation and to prioritize the selected set of genes, we used three complementary approaches.
First, to assess mRNA expression profiles of our candidate genes, we required RNAsequencing data from 53 tissues, provided by Genotype-Tissue Expression (GTEx) Project V7 Further prioritization of our candidate genes was accomplished by a scoring system, which incorporates the information from the three approaches described above. Each of the genes was scored with one point for (1) each of the 12 tissues within the top five highest median TMP position and half a point if the genes was present within the top ten.
(2) for differential expression of a candidate gene in at least one region or presence within at least one module,
(3) for a significant gene-based association with one of the subcortical brain regions and half a point if the association was nominally significant. Additionally, each significant gene-based association of the relevant cross-trait analyses within a group (Group 1-3) was considered as one point. We summed up all individual points per gene and prioritized those with a score above four.
Biological annotations for all candidate genes were obtained by the GeneCards Human Gene Database (https://www.genecards.org/) a database which collects information from other bioinformatic databases (Ensembl, Gene Ontology, NCBI Entrez Gene, UniProtKB/Swiss-Prot, etc., Stelzer, et al., 2016) .
Results
General view on the genetic architecture
Since this work is mainly focusing on genetic factors, as an important component in the relationship between the three traits of interest, we first estimated the overall contribution of common genetic to these traits, by assessing the SNP-based heritability. Next, we determined their genetic correlations on a global genome-wide scale.
SNP Heritability
First, we assessed the phenotypic variance in our traits explained by common variants through estimating the SNP-based heritability using LD score regression (Bulik-Sullivan et al, 2015,a) .
For ADHD, we were able to reported this on liability scale, assuming a 5% population prevalence (Polanczyk, G. et al. 2007 ) and obtaining a SNP h 2 = 0.2167 (SE = 0.014, p = 4.84E-54), similar to the one reported by the original study (Demontis et al, 2019) . For AGG and ASB, we reported the heritability on an observed scale, resulting in SNP h 2 = 0.051 (SE = 0.025, p = 0.041) and SNP h 2 = 0.0537 (SE = 0.0265, p = 0.043) respectively. In the case of AGG, the original study estimated SNP h 2 (using the GCTA tool) only on three of their 9 cohorts, and therefore reported different results (for the largest sample cohort SNP h 2 = 0.10 (SE = 0.06, p = 0.04) (Pappa et al, 2016) ). While in ASB, using also LDSC, Tielbeek and colleagues reported a SNP h 2 = 0.05 (SE = 0.027, p = 0.03) (Tielbeek et al, 2017) .
Genome Wide Genetic Correlations
We assessed and confirmed that common genetic variants have a role in the global genetic correlation between the three traits. We ran genetic correlation analysis in pairs, i.e. ADHD with AGG, ADHD with ASB and AGG with ASB, using LDSC (Bulik-Sullivan et al, 2015b).
We observed that the genetic correlation between AGG and ASB was low and non-significant (rg = 0.24, SE = 0.3585, p = 0.5031, Fig. 1) . On the other side, despite having obtained very low SNP h 2 estimates in AGG and ASB and low rg score, the genetic correlations of AGG and ASB with ADHD were strong and significant (p < 0.05/3). The genetic correlation between ADHD and AGG was highest (rg = 0.7007, SE = 0.1812, p = 0.0001) and between ADHD and ASB still high (rg = 0.5112, SE = 0.1862, p = 0.006, Fig. 1 ). This indicated that there is genetic overlap between these three traits (with ADHD having a key role) and these findings forms the basis for the following studies.
Additional genetically correlated traits
In the next step we set out to search for additional traits and/or disorders that are also genetically correlated with ADHD, AGG and ASB by using the web platform LD Hub (Zheng et al, 2017) .
From the LD Hub database, we selected a total of 234 available traits from 26 categories (Suppl . Table 1 ) and assessed the genetic correlation statistics. Considering the low heritability estimates which we obtained for AGG and ASB, it was not surprising that none of the genetic correlations were significant (rg score p-values did not survive the Bonferroni correction (p < 0.05/234)). Therefore, we decided to perform a more exploratory analysis and we selected traits with rg scores with at least a nominal p-value (p < 0.05). Next, we looked for overlapping and genetically correlated traits between AGG and ASB (nine traits in total).
Finally, the selected traits were grouped depending on whether they showed a positive or negative genetic correlation (rg score) with our traits of interest. A schematic overview of this procedure can be found in Fig. 2 .
For the group with positive genetic correlations, a total of three traits were selected and for group of negative correlations, we selected a total of six traits ( Table 1) . The most significantly correlated traits from the positive genetic correlations group was Neuroticism (Neurot).
Because Neuroticism has a cognitive biological background (in contrast with the other positive correlating traits group), and a phenotypic relationship with ADHD, AGG and ASB, we decided to include neuroticism in subsequent analyses. From the negatively correlated traits, we selected primary sclerosing cholangitis (PSC) to be included in our subsequent analyses.
Unlike the other negative genetically correlating traits, PSC has a medical diagnosis with biological causes, symptoms and complications making it a more biological perspective trait, ADHD has been known to also co-morbid with other autoimmune diseases (Nielsen, et al., 2017) , and is a novel trait for studying co-morbidity with ADHD, AGG and ASB, making an expanded exploratory study that could lead to other biological factors.
For neuroticism the SNP-based heritability was estimated to be 8.8% and significant (h2 = 0.0877, SE 0 0.0067, p = 3.78E-39) and for PSC the SNP-based heritability was estimated to be 10.3% and significant (h2 = 0.1032, SE = 0.0214, p = 1.42E-06). Those heritability estimates are comparable to the ones that were reported previously, (for neuroticisms SNP h2 = 0.091 and for PSC SNP h2 = 0.148) (Okbay et al., 2016; Ji et al., 2017) . Both Neuroticism and PSC were significantly genetically correlated with ADHD (ADHD-Neurot rg = 0.264, SE = 0.0526, p = 5.04E-07; ADHD-PSC rg = -0.2639, SE = 0.066, p = 6.37E-05) and nominally significant with AGG and ASB (Fig. 1) . Since AGG and ASB got a low SNP-based heritability and a low genetic correlation, with high standard errors, the cross-trait analysis between both (AGG-ASB) was excluded from the rest of analyses and we continued this study with eight cross-trait analyses.
These results showed us that globally, using information obtained from GWAS, it can be proven that there is significant genetic correlation between our primary traits of interest, ADHD, AGG and ASB. These traits are also (significantly in the case of ADHD) correlated with Neuroticism and PSC, which may allow generate a new perspective on investigating shared genetic effects between our three traits of interest.
Local view on the genetic architecture
Local SNP heritability
First, we estimated which regions contribute most to the phenotypic variance of a trait explained by the SNPs inside these loci. By using HESS (Shi, et al., 2016) we performed a local SNP-based heritability analysis for all five traits for 1,694 loci. None of the three initial traits of interest (ADHD, AGG, ASB) showed a significant locus (p < 0.05/1,694, Suppl. Fig.   1 ). Only PSC had two loci with high SNP h2 estimates that remained significant after correction for multiple testing (chr6:25684587-26791233, p = 1.0025E-11; chr6:26791233-28017819) (Suppl. Fig. 1e ). ADHD showed two nominally significant loci on chromosomes 1 and 5 (Suppl. Fig. 1a) , while neuroticism obtained the most results with a total of eight nominally significant loci on chromosomes 2, 6, 8, 11 and 18), and PSC showed two nominally significant loci on chromosome 3 (Suppl. Fig. 1d,e ).
Local genetic covariance and correlation
Instead of considering only a genome-wide score as the absolute value for how two traits are genetically related, we examined how this global estimate is actually distributed across the genome. We used ρ-HESS to analyze the same previously defined eight trait pairs and estimated the local genetic covariance for 1,694 loci. After obtaining the genetic correlation estimates for each locus, we selected all loci with correlation estimates inside the expected range [-1,1] for subsequent analyses.
For the ADHD-AGG & ADHD-ASB cross-trait analyses we observed varying local genetic covariance and correlation estimates throughout the genome (Suppl. Fig. 2a,b) , including both positively and negatively correlated loci with some having higher genetic correlation scores than others, contrary to the usually expected equal contribution from all loci. Similar patterns of local correlations are observed for the other six rest cross-trait analyses (Suppl. Fig. 2) . We did not observe any (nominally) significant local genetic covariances for the initial two crosstrait analyses (ADHD-AGG & ADHD-ASB). For the cross-trait analyses of ADHD + Neuroticism and ADHD + PSC, we found two and one loci, respectively, passing the threshold for nominal significance (Suppl. Fig 2c,f) .
Candidate loci overlapping between traits
Next, we reduced the number of loci by comparing them between the different cross-trait analyses (Fig. 3) . The eight cross-trait analyses were first clustered into three groups according to the key traits involved, (see methods section). We selected those loci, which were shared between the different cross-trait analyses within a specific group.
For Group1, we selected 31 loci, for Group2 we prioritized 28 and for Group3 with only identified one locus (Fig. 3, Table 2 ). The global genetic correlation analysis for Group1 and
Group2 revealed a positive genetic correlation. Interestingly, for the individual loci this pattern can be different, e.g. in Group1, there are regions where both associations (ADHD-AGG & ADHD-ASB) have a local positive genetic correlation (e.g. chr4:6,773,043-7,539,692), while other loci showed either a positive or negative correlation (e.g. chr1:196,176,201-197,311,514) and again others showed overall negative genetic correlations (e.g. chr12:124,977,980-126,445,505) ( Table 2) . In contrast to the global (negative) genetic correlation between traits in Group 3, the only overlapping locus, had a positive local genetic correlation in all three crosstrait analyses involved. It should also be noted that even when loci between cross-trait analyses within a group, had the same genetic correlation direction, some loci had a higher estimate with one association, while for the other, the estimate was lower (e.g. Group 1, chr3:65, 273, 270, 447) (Table 2) .
Genes from candidate loci
After selecting the overlapping loci, we annotated those to genes that (1) were located inside these selected loci (using the UCSC genome browser), and (2) showed a gene-based association with the traits in question (using gene-based cross-trait [meta-] analysis). This process is illustrated in Fig. 4 and from both methods we derived a list of genes for subsequent analyses for each of the three groups.
A total of 34 genes were selected for Group1, 39 for Group2 and only two for Group3 (Fig. 4C , Table 3 ). All of these genes showed nominally significant gene-based association and nine genes were significant after correction for multiple testing in Group1, 21 for Group2 and one for Group3 (Table 3) . However, some of these significant genes were located within the same loci. Finally, we explored if there were genes shared between the three groups and identified three genes overlapping between Group1 and Group2: F13B, GATA4 and HMGCS1, although only GATA4 showed strongest gene-based association for the meta-analyses of Group2.
Biological annotation and functional significance of candidate genes
Next, we developed a pipeline to investigate the biological characteristics and to prioritize brain-relevant genes out of all overlapping genes identified in the previous step. For this, we retrieved information from three different databases/datasets for each gene from the three cross-trait analyses groups: (1) assessment whether genes are expressed in relevant brain regions, (2) if they were differentially expressed or co-expressed in a specific region and period of development, and (3) if they showed significant gene-based association with relevant subcortical brain regions.
With the exception of genes F13B, DEFB136 and GIP all genes were expressed in all 12 brainrelated regions (Suppl. Table 2 ). Several genes were highly expressed in a number of brain tissues:TMEM132B (Group 1), IGLON5 (Group 2) and RCAN3 (Group 3) (Suppl. Table 2) .
When analyzing co-expression patterns, we found that only SHOX2 and NXPH4 (Group 2)
were enriched in the mediodorsal nucleus of the thalamus and cerebellar cortex respectively (Suppl . Table 3 ). Looking at relevant modules of genes temporally and spatially co-expressed, the most commonly found modules in all three groups were M2 and M20 (Suppl . Table 3) .
Also, the module M1 for NOX4 and M9 for SHOX2 were found, and SHOX2 was found to be a hub gene (genes with high degree of connectivity within the module). Two genes in Group 1 were significantly associated with the putamen, KCNT2 (p=0.00012407) and TMEM132B (p=0.0001765, Suppl. Table 4 ). In Group 2 and 3, none of the genes showed significant genebased association with one of the brain volumes. Across all eight brain structures GATA4 showed most nominally significant results. Multiple genes showed nominally significant genebased association in more than one brain region and overall most nominally significant genebased associations were fund for the accumbens (Suppl. Table 4) .
In order to integrate the previous findings and to converge the evidence for the most promising candidate genes, we applied a scoring system and prioritized genes with the most relevant and consistent results across studies. Using a cut-off of four points, we selected a total of eight genes for Group 1: PYGO2, ZBTB41, ZNF131, NKAIN2, BLOC1S2, ATRNL1, KCNK18 and TMEM132B. For Group 2 we included 12 genes: DAB1, RSRC1, MSRA, FAM167A, GATA4, NEIL2, CTSB, DEFB134, KIAA1456, NXPH4 and IGLON5. One gene was selected for Group 3: RCAN3 (Suppl . Table 5 ).
Biological annotations were retrieved for all 21 candidate genes. Suppl. Table 5 provides an overview on their biological processes or pathways, and importance for diseases. Many of the selected genes have regulatory functions, although in different processes and pathways. Some of the prioritized genes have functions related to neurobiology and have been associated with mental disorders (Suppl . Table 5 ).
Discussion
In this study we applied a locus-based approach to characterize and localized shared genetic effects between three neurodevelopmental and behavioral traits: ADHD, AGG and ASB. We identified 53 shared loci across the genome, addressing the global positive genetic relationship between our three traits and showed how some genetic elements are actually contributing to this relationship. Moreover, we also identified shared loci and candidate genes relevant for pleiotropic effects on ADHD, AGG, ASB, neuroticism and PSC.
In the genome-wide approach, we observed a low and non-significant genetic correlation between AGG and ASB, which was unexpected. However, this may be related to the different ages of the participants. It has been known that heritability is susceptible to age [Wray & Visscher] , and while the ASB data included different age groups, AGG only included childhood samples [Tielbeek, et al. 2017 ] [Pappa, et al., 2016] . Alternatively, the different types of measurements may affect the results. Whereas the AGG data was obtained from reports filled out by mothers, possibly biasing diagnosed participants, data for ASB, in an effort to increment its sample size, included different measurements to allow the inclusion of broad ASB subtypes [Pappa et al., 2016] [Tielbeek, et al., 2017] . Nonetheless, we included both studies and assessed the genetic relationship between them further by reaching out to additional shared genetic traits. Given this pleiotropy, as seen in the three groups of cross-trait analyses, we used ADHD, Neuroticism and PSC as hubs in these groups. Neuroticism is a fundamental domain of personality, characterized by people who are easy to respond negatively (with anxiety, sadness, guilt, fear and anger) to environmental stress and associated with other mood, psychopathologic and neurodevelopmental disorders [Griffith, et al., 2010] [Okbay et al., 2016] . It was the most phenotypically related trait we identified. PSC on the other hand, is a chronic autoimmune liver disease leading to destruction of the bile duct and ending principally with cirrhosis and liver failure [Bowlus, et al., 2017 ][Fricker & Lichtenstein 2019 . Although it is not a neurodevelopmental or a behavioral trait, due to its strong negative genetic correlation estimates with ADHD, AGG and ASB, we saw it as an opportunity to explore the genetic complexity further. Besides that, there exist some antecedents between gastrointestinal or autoimmune diseases with psychological and neurodevelopmental disorders. [Shah, et al., 2014 ] [Jeppesen & Benros, 2019] [Nielsen, et al., 2017] .
From the local-wide perspective, Shi and colleagues made the distinction that a genome-wide genetic covariance estimate does not give enough information into the genetic relationship between traits because it does not reflect the actual distribution and quantity effect sizes have across regions. For example, the genome-wide estimate could be the sum of many, but small same directional covariances or instead few loci with a bigger estimate [Shi et al., 2017] . This heterogeneity on loci was seen when comparing across loci results in a single cross-trait analysis. When even a global genetic correlation estimate dictated an unique directionality, not all loci represented the same direction. Adding these differences between loci, it refutes the idea that all genetic components across the genome are equally contributing to the trait and consequently to its correlation against other traits. These differences in directionality and magnitude for loci are also dependent for the traits studied here. When comparing a single locus within two cross-trait analyses, even if they shared a same genome-wide genetic correlation directionality and a common assessed trait, local genetic correlations could be highly different. Unfortunately, we could only report local genetic correlation scores on 53 loci instead of all 1,694, since these 53 were the ones with heritability and covariance estimates that allowed a correlation score inside of what is the expected range and were also present between cross-traits analyses from one of the three pleiotropic groups (Groups 1-3) . A surprising result was PSC, since its global genetic correlation estimate was highly negative against ADHD, AGG and ASB, but the only one left locus marked positive local genetic correlation in all cross-trait analyses on that group. However, the few numbers of loci were expected on Group 3 since PSC was a non-conventional trait. Furthermore, another cause of lack of results could be attributed to the removed of MHC region in this study. MHC region it is known for its strongest genetic association with various autoimmune diseases, including PSC, and also showing genetic associations with ADHD too [Fernando et al., 2008] [Bowlus, C., 2017] [Nielsen et al., 2017] . Lack of resulting loci could also being explained by the relatively low sample sizes the AGG, ASB and PSC GWAS studies have. Contrarily, ADHD and Neuroticism, which were the biggest sample sizes GWAS, and the cross-trait analyses between them outputted the largest number of loci with genetic correlation estimates within the expected -1 to 1 range.
Instead of following the usual SNP-to-gene approach, we opted for a more robust approach knowing the caveats limited statistical power of some of our GWAS data, and looked for genes inside the selected candidate loci. This resulted in 72 different genes with a nominally associated p-value supporting their selection. Nevertheless, the results have to be interpreted with caution, even if the loci are LD independent, it does not take away the possibility of retrieving false positive results at the gene level. Based on the association p-value with subcortical brain volume and gene expression in human brain tissue we selected a total of 21 genes (8 in Group 1, 11 in Group 2 and 2 in Group 3) with a biological basis in three brainrelated aspects: expression, enrichment (spatially and/or temporally) and phenotypic effect (volume changes). We were able to obtain brain-related aspects that could also be useful for further studies in the relationship between these traits. The most implicated brain tissues were the cerebellar hemisphere, accumbens and putamen; three brain regions characterized by motor and movement functions and a possible behavioral relationship [Ivanov, I. et al., 2014 ] [Floresco, Stan B., 2015] [ Korponay, C., et al., 2017] . Due to low number of genes, we
were not able to apply a gene-enrichment analyses. However, when we retrieved additional information of the 21 candidate genes, we found that most of them are related with DNA or RNA binding, transcription regulation, signaling pathways and developmental processes. This could explain their enrichment within the prenatally and postnatally spatio-temporal modules most of the genes, periods of development sensitive to these processes. Some genes were more related with neurobiological processes, e.g., from Group 1, ZNF131, which is a zinc finger involved in transcription factor activities with a possible role in the developing central nervous system and organogenesis [Trappe R., et al., 2002] and BLOC1S2, a protein forming part of the BLOC-1 involved on the biogenesis of lysosomes. This complex has also been identified in the vesicles cargos in neurons [Chen X. et al., 2017] [Di Pietro, S.M, et al., 2006] . From Group 2 we can highlight DAB1 an adapter molecule involved in the correct laminar migration of neurons during development [Franco, S. et al., 2011] and NXPH4, which has a possible role in the neuropeptide signaling pathway and binding to alpha-neurexins [Missler, M & Sudhof, T., 1998 ]. The only gene in Group 3, RCAN3 is a calcineurin regulator (calcium dependent protein involved in neuronal functions), but also it belongs to the group of Down Syndrome Critical Refion-1 proteins, suggesting a role in neurodevelopment and brain [Porta, S. et al., 2007] .
These findings can be seen in light of strengths and limitations. Taking into account the differences between GWAS studies, some datasets were hampered by the relatively low sample sizes. Knowing that our traits are an accumulation of many small effect variants, is difficult to find these in small sample sizes [Visscher PM, 2012] . However, ADHD, one of our traits of interest with a reasonable GWAS sample size, was the trait showing the best and significant results throughout all this work, opening the possibility of obtaining better powered results as soon as larger sample sizes for AGG and ASB become available. Moreover, having significant genome-wide genetic correlations between most of our traits shows a highly probable existing genetic relationship between these and opens the doors to study their relationship at locus level. Nevertheless, the analyses are still based on single SNP variants, which do not explain the complete heritability of our traits in questions. Future studies may want to also integrate information from other common genetic variants and rare variants.
Many of our analyses were motivated by a large sensitivity, meaning that we were not too strict in applying significance thresholds when selecting our candidate loci and genes. To limit the number of false positive findings, we decided to use complementary analyses strategies to filter out and prioritize the most relevant genes involved. For this, multiple lines of evidence were needed across the different cross-trait analyses, e.g., by using other association analyses (gene-based analysis) and looking for biological related presence or effect (brain expression data). Moreover, we only focused on protein-coding genes, because these are the most basic and widely studied elements in the genome. However, also other genetic elements may be included in the shared candidate loci and future studies may want to look into elements like non-coding genes, promoters or even incorporate epigenetic data, which could provide alternative explanations to the pleiotropic effects between our traits.
In sum, at a genome-wide perspective, we observed a positive and highly genetic correlation between ADHD with AGG and ASB and identified share local effects. This study emphasizes the importance of investigating shared genetic effects between correlated traits at the locus level. Converging evidence from different cross-trait analyses approaches highlights novel candidate genes underlying the shared biological mechanisms of ADHD, AGG and ASB. Cholangitis, were selected traits of interest to be further investigated in subsequent analyses. and shared between groups of cross-trait analyses. we selected overlapping loci between cross-traits analyses and clustered results in three groups.
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Figure 4 | Schematic overview of approach taken in this study to identify genes overlapping between traits of interest.
Step A) Genes were mapped to selected loci from each one of the three groups of the cross-trait analyses (Group 1-3) by uploading loci positions to UCSC genome browser (https://genome.ucsc.edu).
Step B) We performed gene-based association analyses by using MAGMA (https://ctg.cncr.nl/software/magma) followed by eight gene-based meta-analyses. All genes with gene-based p-value < 0.05 were selected and clustered according to the previously defined Groups (1-3) of the cross-trait analyses.
Step C)
We assessed the overlapping genes between the two methods for all three groups.
